Abstract. This study aims the modeling and simulation of the direct extrusion process and determination of optimal process parameters using Finite Element Method (FEM) and Artificial Neural Network (ANN) cooperatively. First, the die set has been designed for direct extrusion of an aluminum rod and its numerical simulation has been prepared by mean of ABAQUS/EXPLITIC finite element code. So, both the values of the process parameters according to extrusion load and the critical stress values have been determined. After, the ANN model of the process has been developed under MATLAB and has been trained with the results of finite element simulations. Also, the optimization software which can run together the ANN model has been developed and has been used to determine the optimum process parameters.
Introduction
The extrusion process is an attractive production method in industry because of its ability to achieve energy and material savings, quality improvement and development of homogeneous properties throughout the component [1] . Lightweight construction, especially in the area of transportation engineering, is of increasing significance even with decreasing numbers of pieces regarding the production lot. Also, the need for high strength profiles with low density becomes more and more important due to the use of space -frame constructions in the automotive industry [2] . But, this production method is quite a lot complicated and so the process parameters must be carefully selected so that the production quality desired can be obtained. Therefore, researchers focused on the selection of optimum process parameters and the effects of these parameters on the extrusion load. A lot of experimental and numerical studies have been realized [3, 4, 5] . FEM has become a powerful technique to simulate metal forming process. Nowadays, the finite element numerical simulation not only can describe precisely the metal flow process, but also can give the fixed values of various physical fields, which is powerful tool to carry out the optimal design of technological parameters and to predict defects in the deformation process. However, a lot of trial-and-error computer tests are required in order to study the influence of the various parameters on the forming process. If the optimal design of the parameters is conducted using FEM only, many calculations are required, which results in the waste of resource [6] . However, ANN can be used to select design parameters and can considerably reduce the numerical simulation time. Therefore, ANNs have recently gained popularity as a tool for incorporating knowledge in Intelligent Manufacturing System (IMS). But, there is still a lack of use ANN and other artificial intelligence technologies in extrusion process. This study is organized as follows. In the first section, the die set has been designed for direct extrusion process and its finite element model has been prepared. The process has been simulated with various parameters using the model. In second section, ANN modeling of extrusion process bas been presented. ANNs have been trained with finite element simulation data obtained according to various process parameters. The determination of the optimum Process Parameters have been realized in third section. In fourth section, the results and discussion have been explained. The conclusions have been presented in the last section.
Finite Element Simulation of Extrusion Process
The die set (tool) has been designed and has been modeled and its number of finite element simulations have been performed with various process parameters such as coefficient of friction, punch velocity, die angle. The commercial finite element code, ABAQUS/Explitic, has been used to carry out the simulation. The model geometry is axi-symmetric in nature so only one half of the part has been simulated. The model, which consists of a rigid die and a deformable blank, has been shown in Figure 1 . The diameter of the cylindrical blank is 20 mm and the height is 30 mm. The blank is made of aluminum alloy AA5154 and its young's modulus is 70.7 GPa; the Poisson's ratio 0.33; the density is 2660 kg/m3. In this study, the radius of the blank has been reduced 60% by the extrusion process. The blank is constrained at the axis of symmetry in the r-direction. Radial expansion of the blank is prevented by contact between it and the die. In the case of ABAQUS/Explicit, penalty and kinematics contact formulations have been used in the definition of contact interactions. In the first step of the solution, the blank (the aluminum rod) has been moved to a position where contact is established and slipping of the workpiece against the die begins. In the second step, the rod has been extruded through the die to realize the extrusion process. This has been accomplished by prescribing a constant velocity for the nodes along the bottom of the rod. Undeformed configuration of the model before extrusion and deformation of the workpiece after extrusion have been shown in Figure 2 . The process is carried out at room temperature. The solution has been repeated for different values of the process parameters such as punch velocity, coefficient of friction and die angle and so a number of simulations have been realized and obtained different results. The variation of extrusion load according to different process parameters has been presented in Table 1 . Twenty seven analyses have been realized by using different values of the parameters which consist of die angle, coefficient friction and punch velocity. So, a lot of results have been obtained after step 2 of the analysis. The deformed configuration, the contours of plastic strain and the Misses stress are principal of them. Also, time histories of plastic strain of the extruded rod have been acquired. However, only some of them can be given in this limited study. Figure 2 shows contour plots of plastic strain and the Misses stress for one of the simulation results. Whereas all load -time curves have been got, one of them has been shown in figure 3 as an example. The maximum stress occurs on the blank surface in the exit region of the die. Extrusion load has reduced with an increase in the die angle. But, it can't be said that this correlation is absolutely correct when the angle is small. Extrusion load has increased when the friction coefficient and the punch velocity increase. The minimum extrusion load occurs if punch velocity and friction coefficient are minimum and die angle is maximum. The extrusion load has fluctuated for some cases. The reason of this matter can be comment with the mechanism that the fluctuation in the extrusion load is due to the separation of the die shoulder from the flow material. ANN model has been developed by using the process parameters in Table 1 .
ANN Modeling of Extrusion Process
Neural Networks are popular and there are many industrial situations where they can be usefully applied. They are suitable for modeling various manufacturing function due to their ability to learn complex nonlinear and multivariable relationships between process parameters. In this study, ANN has been used as an alternative way for the modeling of extrusion process. A feed forward multilayered Neural Network has developed and trained using the results of finite element simulation.
A multi -layer perception (MLP) is a feed forward network consisting of neurons in an input layer, one or more hidden layers and an output layer. The different layers are fully interconnected such that each neuron in one layer is connected to all neurons in the next layer. However, connections between the neurons in the same layer and feedback connections are not allowed. The input layer, which is also called the "buffer" layer, performs no information processing. Each of its neurons has only one input, and it simply transmits the value at its input to its output. Actual information processing is performed by the neurons in the hidden and output layers. Signals are transmitted unidirectional from the input layer through the hidden layers to the output layer. Information is stored in the inter-neuron connections. Learning consists of adapting the strengths (or weights) of the connections so that the network produces desired output patterns corresponding to given input patterns. In other word, we can train a neural network to perform a particular function by adjusting the values of the connections (weights) between neurons. As each input is applied to the network, the network output is compared to the target. The error is calculated as the difference between the target output and the network output. We want to minimize the average of the sum of these errors. Each hidden or output neuron receives a number of weighted input signals from each of the units of the preceding layer and generates only one output value. The diagram for a network with a single neuron is shown in figure 4 . Here, the scalar input (xi) is transmitted through a connection that multiplies its strength by the scalar weight (w), to form the product (wx), again a scalar. The inputs to the neuron can be from the actual environment or from the other neurons. Its output can be fed into other neurons or directly into environment. Also, this neuron has a scalar bias (bj), the output (yi) is produced by activation function and the network is trained by adjusting weights (w) and bias (b) to achieve desired end. The weights of the network is iteratively adjusted to capture the relationship between the input and output patterns. In this study, type of back -propagation is Scaled Conjugate Gradient algorithm and activation function is sigmoidal function. The weights are given quasi-random for initial values and then are iteratively updated unit they converge to the certain values using the train algorithm. The neural network architecture has been shown in figure 5 . The number of neurons in input and output layers is based on the geometry of the problem. So the input layer which receives the pattern to be identified has 3 neurons. The output layer, which processes extracted features to obtain the pattern class, has one neuron. However, there is no general rule for selection of the number of neurons in a hidden layer and the number of hidden layers. Hence, the number of hidden layer and neurons in the hidden layer have determined by trial and based upon the least effective error and the optimal neural network architecture has been designed using MATLAB Neural Network Toolbox and so the model has nine neurons in the hidden layer. No smoothing factor is used.
Key Engineering Materials Vol. 367 The estimated values of the extrusion loads have been obtained by various neural network structures. The neurons in the input layer have unity activation (or transfer function). That is, they simply transmit the (scaled) values of the pattern points directly to the hidden layer. The processing by the neurons in the hidden and output layers is implemented with semi linear (sigmoid) activation functions. Input to the network were continuous and in the range 0-1. The network output is also continuous and in the same range. The back -propagation learning algorithm has been used in feed -forward. The type of back -propagation is scaled conjugate gradient algorithm and activation function is sigmoidal function. The extrusion load has been taken as the output neuron while the die angle, the punch velocity and the coefficient of friction are the elements of the input layer in ANN architecture. Some of the simulation data obtained for direct extrusion with the finite element model have been used to train the network. In other words, the FEM -based models provide the needed information for ANN and the network model is trained by some of the numerical simulation results. The model has been tested by using the rest numerical simulation results and the available similar literatures [7, 8, and 9] . It has been seen that the ANN results are close to the simulation and the experimental results and so the ANN model has been verified. Now, all that we need is to use the ANN model. The extrusion loads corresponding to the process parameters can be easily predicted before the operation. The neural network has been trained with different iteration number by using scaled conjugate gradient algorithm. The sum -squared error decrease with increasing iteration numbers until 2500 iterations. But, after this point, it stays constant. In other word, although the training continues and the iteration number increase, there isn't any change in the error. On the other hand, the value of the error attained at 2500 iteration is enough for the determine error criterion. Both the iteration number and the error criterion are together considered and so a trial -and -error process is used. The training of the algorithm is stopped at 2500 iteration. The learning level of ANN for extrusion loads have been shown in figure 6 . After then ANN is tested for accuracy by using the analysis results selected from the finite element simulation which haven't been used for learning processes. The results of the test for extrusion load have been shown in figure 7 . It can be seen that in most cases the neural network prediction is very close to the simulation values. The study has revealed that the predictions using ANN have more accurate results. The study shows that friction coefficient is a dominant parameter and it plays a very important role on the extrusion load. 
Determination of the Optimum Process Parameters
An optimum selection of process parameters is extremely important issue. The extrusion load can be determined before operation using ANN model but essential aim of the study is to select the process parameters corresponding minimum extrusion load. Therefore, the optimization software which is running together ANN module has been developed. The software sent the parameters to ANN module sequentially. Each time, ANN predicts extrusion load according to received parameters and compare it with the value of the former extrusion load and record the minimum value of them to compare with the later value. Iteration continues and at last, the minimum extrusion load is acquired when all of the parameters are processed and iteration is completed. So, these parameters, which correspond to minimum extrusion load, are accepted as optimum process parameters.
Conclusion
In this research, the die set for the set for the direct extrusion of aluminum rod has been designed and its numerical simulations under varying friction coefficients die angles and punch velocities have been realized by using ABAQUS/Explitic finite element code. After, ANN model of the process has been prepared under MATLAB/Neural Network Toolbox and the model has been trained using simulation data. Different software to select the optimum process parameters has been developed and it has been integrated with ANN model. From the study, the following conclusions can be drawn. The results of Finite Element Simulation can be much the same with actual extrusion process if the model is perfect and mesh can be selected as sufficient fine. So, we can observe maximum stress regions and can determine damage conditions. The solution time of ANN is very shorter than FEM and the extrusion load can be easily obtained according to process parameters. The solution of ANN spends only five minutes while FEM continues sixty minutes for one extrusion solution.
To determine the optimum process parameters correspond to the minimum extrusion load is possible using together ANN model and optimization. It is expected that the use of artificial intelligence technologies will be open up new avenues for the control of the extrusion process. Future work will focus on to extent this study by using more process parameters and the model presented in this paper will be verified by comparing the numerical results with experimental measurements obtained under equivalent extrusion conditions.
